Abstract-The maturity of detection in emotions via thermal camera is evolving recently since it is able to detect the hot parts of human face composition replicating the area of blood vessels. The notion of non-invasive tools for data gatherings via a thermal camera has also been vigorously highlighted. We hypothesize that, the impact of cutaneous temperature changes due to blood flows in the blood vessels could be correlated to specific emotion state for healthy as well as autistic children. The autistic children are less able to present emotion through facial expression. In this work, healthy children were assigned as subjects prior to the development of the algorithm for thermal imaging analysis to form a reference model. Facial thermal distribution was analyzed and a technique using Correlation in Gray Level Co-occurrence Matrices (GLCM) was proposed to determine the blood vessels' region. A k-Nearest Neighbor (k-NN) classifier shows a promising result for the proposed method and suggests that these analyses are momentous for distinguishing between five basic emotions and it could be used as non-verbal mediums to help on autistic children.
I. INTRODUCTION
Through the weight of cutaneous heat in the blood flow, thermal stamp is emitted and can be spotted through a thermal imaging camera. There are two biological mechanisms that allow thermal reflection of affective nature which are subcutaneous vasoconstriction and emotional sweating. Subcutaneous vasoconstriction is the threat reaction that is triggered by epinephrine causing shrinkage of blood volume within vessels [1] . Facial skin thermal distribution was chosen to study the association between emotion states and physiological signals. Many researches have explored on the techniques and thermal features on selective Region of Interests (ROIs). Facial thermal imaging has been used in emotional arousal studies and acknowledged in [2] as a new marker but yet the focus of region was targeted at Nose due to the absence of primary muscles. Furthermore, research by [3] also distinguished the changes in nasal passages of the nose due to redirected blood correlated to extensive range of emotions. Meanwhile, in [4] which it done a similar study that used thermal camera to collect data and their system was able to self-calibrate to have the correct diagnosis of basic emotions. Different Region of Interests (ROIs) and feature extractions were applied where they were looking at three dimensional analyses: x, y, t where x and y refer to the pixel coordinate and t for time. In this work, however, we were focusing on texture analysis which involved the analysis of pixel intensity value at x and y. The correlations between temperature gradient in pixels were studied to find the best threshold value to identify the region with blood vessels. There are two researches in [5] and [6] that reported a similar technique by applying constant threshold values of 10% and 50% respectively to locate the blood vessels and then compute for the feature vectors. They were reported on the results that were able to distinguish between frustration and stress. To further comprehend the discussion, this paper has been organized as follows. Part II briefly explains the methodology in data collections, and followed by, part III which elaborates on the data analysis. Part IV presents the performance analysis, and finally, part V summarizes the discoveries and the overall conclusion.
II. DATA COLLECTIONS
The experiments were conducted in a controlled environment. Sixteen healthy children age from five to nine years old were recruited to be the subjects. Ethical clearance from IIUM Research Ethical Clearance (IREC 465) has also been secured to conduct the experiment in prior. The audio-video stimuli were constructed to induce the emotions. The stimuli consist of still images taken from International Affect Picture System (IAPS) to induce five basic emotions namely Happy, Surprise, Fear, Anger and Disgust. The still images were set accordingly to the target emotions based on the given values of arousal and valence in IAPS database. The stimuli were displayed through a 32 LCD TV in front of the subjects where the arrangement of camera and subject was placed in one meter apart. The video was split into three segments: pre-induction baseline (T1) for 15 seconds, stimuli induction (T2) for 50 seconds, and post-induction baseline (T3) for another 15 seconds and it spans for eighty seconds per emotion in total. Details have been explained in our previous publication in [7] . We have recorded their response while watching the stimuli by using a FLIR thermal camera T420 which is as a non-invasive tool. The camera's frame rate was set at 30 frames per second (fps) during data collection.
III. THERMAL IMAGE ANALYSIS
The supraorbital arteries found in the forehead regions, and frontal arteries branching through the periorbital regions, are all supplied with blood by the external carotid [8] . The relationships between the facial spots can be elucidated by exploring the anatomical details as shown in Fig. 1a) . In [9] and [10] , they showed the presence of weighty correlations in skin temperature over the posterior auricular arteries and superficial temporal arteries and supported by [11] that provides detailed understanding into facial regions and possibly thermal features when considering infrared thermal imaging as an access pathway. Thermal imprints that reflect the heat from the blood vessels was due to the blood volume changes in biological mechanism of the affective nature. The anatomy of blood vessels was illustrated in Fig. 1 where it identifies the heat reflection in thermal image at the same location of the blood vessels in the anatomy. The changes in thermal facial over the time was significant but the distinction between the superficial vasculature and surrounding tissue remains unchanged. Therefore, the texture analysis was presented in this paper to consider the gradient thermal distribution of the superficial vasculature and surrounding tissue in order to recognise the correct location of blood vessels. A threshold technique for segmentation of blood vessels region was determined. According to [5] , constant threshold value of 10% and 50% in [6] were used to locate the region with the blood vessels. The theory of the same vessel topology in human is helpful but the thermal imprint due to variable absorption from different fat padding needed to put into consideration. Thus, the blood region calculated required variation in values and not constant values. The area of blood vessels segmentation was controlled by the obtained threshold value and it used for the conversion process from grey-scale image to binary image. A clear view of covered area with blood vessels can be seen in this binary image. The threshold value was dynamically computed from the values of GLCM Correlation that is used to locate the region with blood vessels. The values obtained were differed amongst subjects. The blood vessels geometry in our hypothesis was shown in Fig. 2 . The direction in x for blood vessels are perpendicular to skin which is in z-direction [12] . However, the heat conduction in the surrounding tissue is parallel to blood vessels in x-direction. a) A blood geometrical [13] where Intensity(blood vessel)>Intensity(vessel wall) >Intensity (fat padding) b) blood vessel and surrounding tissue in thermal image
The GLCM correlation was computed in LabVIEW software where three different values of interpixel distances in xdirections have been tested. Fig. 3 summarizes the process flow in thermal imaging analysis in our work. Some pre-processing phases were considered to enhance the quality of images as has been discussed in our previous work [14] and the segmentation of desired ROIs was automatically programmed in LabVIEW by using a template matching approach. 
A. GLCM Correlation technique
This technique was used to compute a threshold value to locate the region with blood vessels where the value was computed from one of GLCM parameters named Correlation. GLCM is a second-order statistical tool in texture analysis that leveraged on the information of pixel intensity values and neighborhood pixels. The ability of GLCM to discriminate the similarity of the texture form through grey tones with intensity values ranging from 0 to 255 support our hypothesis in order to find the correlation between thermal gradient distribution and blood geometry. The radius of three spaced pixels are more probable to be correlated in thermal distribution due to three different intensity reading between blood, the wall and surrounding tissues. Therefore, a GLCM correlation was computed along the x-direction and tested at interpixels distance from one to three pixels in x-direction as derived in (1): ((x+1, 2, 3) , y) =
(1) where
G is a number of gray levels in the image as specified by Number of levels, P (x, y) represents the intensity value at (x, y) and µ is the mean and σ is the variance of intensities in GLCM and M and N is the frame size
The duration of the recorded response thermal images is depended on the timeframe of the stimulus which is 80 seconds. Hence, the response that initially saved in a video format was then converted into a series of thermal images by multiplying the duration with the camera's frame rate of 30 fps in order to be analyzed. Consequently, the average value of GLCM Correlation was computed as in (2) for the total series of images.
where Nframes was set to 2400 frames (80 secs * 30fps) The AverageGLCM value was later used to find the region with blood vessels by applying the formula in (3) Fig. 4 describes an identified region with blood vessel in binary color as well as in rainbow color at left and right image respectively. Generally, the blood region enlarged with the increase in x value. It is due to a greater number of pixels that were assumed to include blood vessels and surrounding tissues in the region. This effect was believed to influence the results in differentiating between emotional states.
B. Feature Extractions
In reference to the blood vessels' region spotted, the mean intensity, area of the region followed by selected GLCM parameters were calculated. Five main features were chosen; the area of blood vessels regions, the average intensity values ,GLCM contrast, GLCM dissimilarities and GLCM correlation that were computed onto two chosen ROIs; forehead and eye regions. Three conditions were considered to divide the features into desired slot as allocated in the stimuli time frame. Hence, in total, fiifteen features were considered in this thermal image analysis.
IV. PERFORMANCE ANALYSIS
There were sixteen subjects involved in the analysis and hence the mean value of AverageGLCM over all subjects for every emotions were calculated and tabulated in Table I with a small standard deviation value within the range of 0.02 and 0.03. These values were applied in determination of feature extractions that used in classification of emotions. In order to test the performance analysis of the proposed technique and reference techniques , the k-Nearest Neighborhood (k-NN) and Support Vector Machine (SVM) classifiers have been implemented. Five-fold cross validation was done for both classifiers in which 80% of the samples were randomly selected for the training dataset and remaining of 20% for validation. The value of neighbor was set at k=3 in k-NN classifier whereas, for the SVM Classifier, One-to-One multiclass method was applied using Linear Kernel Function. Fig. 5 until Fig. 7 give clear comparison results between test methods for five chosen emotion states with five selected features extraction. The y-axis of the column chart represents the comparison of the sensitivity of the correctly classified by a k-NN classifier and an SVM classifier while x-axis represents the approaches method used. Comparable values were shown in Fig, 5 between the methods in the eyes region. Meanwhile, the result from k-NN classifier outperformed in TPR values compared to SVM values in most methods at the forehead region by referring to the Fig. 6 .
The sensitivity was calculated in which it refers to the classifications ability to correctly detect emotion as derived in (4) .
where TPR is a True Positive Rate or Sensitivity, TP is a number of True Positive, P is an actual number of positive samples that include number of True Positive (TP) and False Negative (FN). In summary, k-NN clasifiers perform better performance with the proposed technique specifically at x equals to 3. The best performance of sensitivity can be seen at combined regions that was about 99.9% whereas others were recorded at a bit lower performance from range of 77.2% to 98.7%. The result was significant to explain that Eyes and Forehead region were highly associated and it is significant to contribute for a better result. Table II summarized the performance result between several identification of blood vessels methods that have been tested over the same dataset. The five features extracted within the boundary of blood region were used as features vector for classification between emotions. Hence, the proposed technique to identify region with blood vessels at interpixel distance equivalent to three was chosen as it can contributed to the best performance in overall. This is in agreement with our hypothesis that three interpixels distance was sufficient and could be used as representation of thermal distribution over three different intensity range between blood vessels, vessels walls and the surrounding tissues. However, the overall performance might be increased through the preprocessing of feature vectors prior to the feed in process at classification phase using Principle Component Analysis (PCA) or Linear Discriminant Analysis (LDA).
V. CONCLUSION
The performance of prediction by a k-NN classifier gave a conclusive result for using AverageGLCM technique to gain the best and fitting threshold value to locate the region with blood vessels. The features extracted in the region such as mean intensity and area contribute significantly towards the emotion states classification. The proposed method suggests the possibility to attain a promising result for autistic children which is the focus of our future work. The variability of people demographically and atmospheric condition factors are not tested in this work but it will be considered in the future work.
VI. LIMITATION
The right and great influence of still images from IAPS database needs further research and refinement. This is because some images seem to be idiosyncratic and inconsistence where some children experience them as negative and others as positive.
